Abstract-In this work, we study the profitability of energy storage operated in the German electricity day-ahead market during 2006-2016. We build a linear optimization model which maximizes profits from arbitraging hourly prices and use the model outputs in further econometric analyses. Among others we find that wind generation drives profitability and storage cycles whereas solar generation reduces profits overall.
INTRODUCTION
Existing energy storage is dominated by hydroelectricity, but the rapid growth in generation from variable renewable energy sources (vRES) is pushing the markets to experiment with new storage technologies that could efficiently support the stability of electrical grids. Grid connected electrochemical energy storage (EES) is envisioned to potentially provide high-value energy services [1] . At the same time, any commercial investment into a potential energy storage project must be economically feasible, which means covering investments costs and offering a reasonable rate of return.
In this study we focus on the value of energy storage by studying temporal energy arbitrage in electricity day-ahead markets. We define arbitrage practiced by energy storage as an operation strategy that maximizes profits, i.e. taking advantage of electricity spot price spreads among demand hours. We are particularly interested in the fundamental drivers that explain the magnitude and dynamics of energy storage profitability. Among others, we focus on the effects of intermittent generation from wind and solar, which are changing the dynamics of electricity prices (level and volatility) and potentially affecting the value of energy storage.
Many studies on energy storage focus on spatial and sizing issues while focusing on minimization of system-wide operating costs and the cost of investments in energy storage [2, 3] . Other studies focus on electricity price arbitrage [4, 5, 6 ] of specific energy storage technologies while using different profitability measures, such as internal rate of return. Compared to these studies, we consider a generic storage device defined only by storage capacity constraints and efficiency.
By abstracting from a specific storage technology with very different fixed and sunk cost assumptions, we can focus on the variable costs and revenues from operating an energy storage device of a particular efficiency, power and energy capacity. Therefore, in our study we measure the profitability by considering the contribution margin, which is defined as the difference between revenues and variable costs in the spot market. The revenues originate from the sale of electricity when the storage is discharging energy and the variable costs arise from the purchase of electricity when the storage is charging. The contribution margins therefore indicate the amount of revenues available to cover the fixed costs and company profits after variable costs. Negative or low contribution margins will indicate poor economic performance of investment into energy storage technology and vice versa.
Our motivations are threefold. First, we want to understand how the contribution margins of an illustrative 1 MWh energy storage evolved during 2006 to 2016. Second, we want to understand the fundamental drivers behind the evolution of contribution margins. Third, we aim to understand what factors affect the number of charging and discharging cycles of the sampled energy storage and how the cycles are related to the development of profits.
To meet these objectives, we first build a storage optimisation model which maximises profits earned by arbitraging price differences in hourly electricity spot markets. As a case study we chose the German electricity market. Next, we estimate an econometric time-series model that attempts to explain the relationships between contribution margins and market fundamentals. In particular, we are interested in whether the profits change over time as the level of variable renewable energy sources (vRES) penetration increases. Similarly, we build an econometric Poisson regression model to understand the relationships between cycling frequency of the energy storage and the market fundamentals, such as vRES generation, electricity demand and fuel prices.
By using an 11 year-long sample we attempt to capture the structural changes the current power markets are going through. As the largest power system in Europe, Germany represents an interesting case study of a system traditionally dominated by thermal generation with limited hydropower (around 6% of installed capacity), which is rapidly integrating vRES.
Our methodological contribution is the combination of an optimisation model and econometric analysis which enables a better understanding of the drivers affecting economic viability and operation decisions of energy storages. The results presented in this study focus on the contribution margins which comprise a part of the overall investment evaluation. However, by abstracting from a technologyspecific analysis of profitability, our results can be further used as inputs into capital budgeting accompanied by additional assumptions on fixed costs, capital costs, and operation and maintenance costs of a specific energy storage technology. Finally, our study contributes towards the debate on the increasing importance of energy storage in future electricity systems, which are dominated by vRES with close to zero marginal costs. Electricity markets based only on energy may not provide sufficient incentives for storage investments. Hence, they may not be sustainable in the long-run. In addition to energy, flexibility, reliability and capacity will play increasingly important roles, which need to be rewarded as such.
The paper is structured as follows. Section II presents the data used in the analysis, which is followed by specifications of the optimisation and econometric models in section III. The main results and discussion are presented in section IV. The work ends with conclusions in section V.
II. DATA
All data used in this study cover the time period 2006-2016. The inputs to the optimisation model, described in detail in Section III A, are the hourly wholesale spot prices (EUR/MWh) based on the day-ahead EPEX spot auction for the German and Austrian (Phelix) electricity market. The outputs of the optimisation model are contribution margins, for simplicity called profits, and the number of charging and discharging cycles, all based on 1MWh energy storage. The energy storage dispatch model is in hourly resolution, but in our econometric analysis of profits and cycles we consider a daily resolution. Fig. 1 and Table I . present the summaries of profits and cycles, revealing interesting dynamics of decreasing seasonal variation after the end of the year 2010, as demonstrated by the 30 period moving averages. The econometric models, described in detail in Section III B, are estimated in daily frequency and we use the following market and fundamental explanatory variables: 1. Electricity demand (GWh), which we expect to have a positive impact on profits due to the tightening of capacity margin, i.e. more high-cost marginal generation needs to run to cover the higher demand; 2. Solar generation (GWh), which we generally expect to have a negative impact on profits because the typical mid-day peak price coincides with the period when solar generation produces the most, which causes a downward pressure on the peak/off-peak spread; 3. Wind generation (GWh), which we hypothesize to have mostly positive effect on profits due to the lower predictability of wind production causing greater spot price volatility; 4. Fuel and carbon prices, namely NBP gas price (p/therm), API2 coal price (USD/t), and EUA carbon price (EUR/t) -their effects on profits will depend on the generation mix of a given power system, and the spread between coal and gas prices; in general, the effect of EUA is expected to be negative because carbon price affects coal (baseload) more than gas (peak-load), reducing the peak/off-peak spread; 5. Daily spot price volatility, which we measure as coefficient of variation (standard deviation/mean) based on hourly electricity spot prices and hypothesize to have a positive impact on profits; and 6. Autoregressive (AR) terms, which we use to control for the high persistence of the timeseries.
III. MODEL DESCRIPTION
In this section we first present the details of the storage optimisation model, followed by the econometric model specification.
A. Optimisation model
In this section the storage optimisation model is presented. The model describes how one would optimally utilize an electrical storage device with the objective of maximising profits, subject to storage capacity constraints. Profits in the model are earned by buying electricity to store and subsequently selling it when it is discharged from storage.
The model inputs are represented by upper-case Roman letters and include the spot price time series (Pt) in addition to the storage capacity parameters. These include the maximum hourly discharge rate (MAX_DISCHARGE), the maximum hourly charging rate (MAX_CHARGE), the total storage volume (MAX_VOL) as well as the storage efficiency factor (EFF). The model decisions variables\outputs are represented by lower-case Roman letters and include the optimal amount of electricity discharged from ( ) and charged into ( ) the storage device. These outputs can be used to calculate profits and storage cycles.
The model is optimised over hourly time-steps for each of the years considered. It also assumes a maximum 48-hour time horizon for storage cycles, i.e., electricity charged into storage in hours 1-48 and 49-96 must be discharged by hours 48 and 96, respectively and so on. This assumption reduces the computational burden of the model significantly and, moreover, we believe it is reasonable given the relatively small storage volume considered. The following linear program describes the model:
Constraints (1) and (2) limit the amount of electricity that can be discharged from and charged into storage at each hour t, respectively. Constraint (3) ensures that, over a 48-hour time period, the amount of electricity stored in the storage device cannot be greater than its storage capacity, less any electricity discharged. The index h represents the hours in the 48-hour while the index t' represents starting points for the storage period, i.e., 1, 49, 97, etc. Constraint (3) also ensures, for each hour, electricity discharged from the storage device cannot exceed the amount of electricity already charged in the 48-hour time horizon.
Note that the model does not consider uncertainty. Therefore, the contribution margins should be considered upper boundaries. However, we deliberately chose to model storage in this way as we mainly use it to provide input to the econometric analysis aimed at understanding the drivers of the contribution margins' development over time.
In this work, we consider a storage device with a 1MWh maximum volume, a 1MWh maximum hourly discharge\charge rate and 90% efficiency factor.
B. Econometric models
In this section we specify two econometric models which we use to explain the variations in profits (contribution margins) and the number of storage cycles per day over the sample period 2006-2016. We also split the total time period into periods before year 2011 (2006-2010) and after (2011-2016) to better capture the rapid growth of vRES in the German system and also to provide a robustness check of our models.
In the first model, we take the daily profits ( from the optimisation model as the dependent variable and estimate a time-series model using the explanatory variables defined in Section II. This relationship is expressed in Eq.4, which also controls for the high persistence in profits by including six lagged autoregressive terms ( ), which were identified from the autocorrelations and partialautocorrelation functions. Also, in order to normalize and stabilize the distributions, we transform both the dependent and independent variables by natural logarithm. Using this transformation also allows the coefficients of the final model to be interpreted as elasticities; further details in section IV. A.
Further, the assumption of homoscedasticity (equal variance of squared error terms) does not seem to hold, as indicated by the Lagrange multiplier (LM) test. For this reason, we simultaneously model the conditional volatility by the GARCH(1,1) process represented in Eq. 5. This equation says that the present conditional volatility is dependent on the lagged squared residual (ARCH-term) and lagged conditional variance , (GARCH-term).
In the second econometric model we are interested in knowing the relationship between the number of storage cycles per day, as determined by the optimisation model, and the same explanatory variables as in the previous model, defined in detail in Section II. Because the dependent variable is a count variable, i.e. number of cycles per day ( , we estimate a Poisson regression, defined in Eq.6-7. The Poisson regression model estimates the expected rate of cycles per day conditional on the explanatory variables. We also include lag 1, 7 and 14 of to control for the influence of cycles from previous day, week and two-weeks. The assumption in Poisson regression is that the logarithm of the expected value can be modelled by a linear combination of explanatory variables, leading to a log-linear model. However, because we work with log-transformed explanatory variables also on the right-hand-side, our model is a log-log model.
IV. RESULTS AND DISCUSSION
In this section we present the results of the two econometric models estimated to better understand the main drivers of energy storage profitability and cycling. Table II . presents the estimated effects of explanatory variables on the profitability of 1MWh energy storage in Germany over the period 2006-2016 and two of its subperiods split by the year 2011.
A. Profits
Electricity demand is a variable with the largest positive impact on profits across all three time periods. The interpretation of coefficients in the log-log regression is that 1% increase in demand is associated with 0.72% increase in profits during the full time period, ceteris paribus.
The fuels and carbon prices have less systematic effects across the time periods. For example, coal price increase by 1% is associated with 0.35% increase in profits during the full sample period, but the effect is negative and (borderline) statistically significant during the post-2011 period. In general, the positive coefficient on the coal price variable suggests that despite the increased costs for the baseload technology which creates an upward pressure on the off-peak (storage inputs) prices, the peak-load technology costs and thus peak prices (storage outputs) move also upwards maintaining a positive peak/off-peak arbitrable spread. Gas price is not statistically significant in the full sample, but it is significant for the two individual time periods. The positive coefficient on gas price is more than four times greater in the post-2011 period (1% increase associated with 1.24% increase in profits), implying an increasing importance of gas-fired power generation in balancing the German electricity market in the post-2011 era. In contrast to our expectation, carbon price appears to have a positive effect on the storage profits overall. Although the coefficient of spot price volatility is not statistically significant over the full sample period, it is statistically significant and with the expected positive sign during the pre-2011 period (1% increase associated with 0.28% in profits). Interestingly, the coefficient on volatility turns negative in the post-2011 era indicating that greater volatility is associated with lower contribution margins. This change in the role volatility plays in the storage profitability points to fundamental market changes where price volatility is not the main driver of electricity price arbitrage.
Solar production is associated with negative profits in the full sample, where 1% increase in solar generation is associated with 0.08% decline in profits. This is in line with our hypothesis that the coincidence of solar peak production with the typical daily peak load during the mid-day has a downward pressure on the peak/off-peak spreads and thus on the storage profits. The positive coefficient of wind generation is borderline statistically significant overall but highly statistically significant in the post-2011 period. This finding implies that with the increased wind power penetration also grow storage profits, ceteris paribus.
B. Cycles
Wind production has a systematically positive effect on the number of storage cycles. This effect is stronger in the post-2011 period where 1% increase in wind production increases storage cycles by 0.11%, ceteris paribus. Solar production is associated with an overall negative effect on storage cycles (1% increase in solar generation associated with 0.07% decline in cycles), however, the effect is positive but insignificant in the post-2011 period. The impact of solar production on cycles as well as profits could be changing in the post-2011 period. In the period before 2011 solar generation did not represent too large share in the total supply so its production only reduced the absolute level between peak and off-peak residual demand, leading to negative effects on profits and cycles. However, in the post-2011 the growing share of solar generation creates actually two smaller peaks in the residual demand during a single day, which has positive effects on storage profits and cycle rounds.
Increasing electricity demand is associated with a decreasing number of storage cycles, which is the opposite effect as the demand effect on profits. This means that when demand is very high a storage operator can capture higher profits with fewer cycles.
Coal price increase is systematically associated with a decrease in daily cycles, whereas gas price increase has a positive effect on the storage cycles, ceteris paribus. This implies that especially the gas price which affects the costs of peak-load technology drives up the peak/off-peak spread and thus the storage profits and cycles. Coal and carbon price variables both affect more the baseload technology and are negative related to cycles but positively related to profits. Finally, the coefficients of spot price volatility are statistically insignificant across time periods, implying no association to storage cycles.
V. CONCLUSIONS
In this work, we have studied the profitability of energy storage operated in the German electricity day-ahead market during 2006-2016. We have empirically shown that the profits expressed as contribution margins have been declining over the studied period and that the pronounced seasonal structure of profits and number of storage cycles has steadily disappeared after 2011. Electricity demand, fuel and carbon prices appear to positively drive the storage profits. Wind generation is associated with increasing profits and number of cycles, which may be due to the innate nature of variability and lower predictability of wind production. Solar generation is associated with negative profits and storage cycles, which suggests that the coinciding effect of peak solar production with the peak-demand depresses the peak/off-peak spreads and thus storage profits and cycles. Interestingly, the effect of spot price volatility used to positively drive the profits and cycles in the pre-2011 time period, however, this effect is insignificant in the later period.
For future work, we aim to compare the contribution margins of differently-sized energy storages using data from different European power systems, such as hydro-dominated Nordic market and less-interconnected GB market. 
